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IS CAUSAL.MODELING REALLY HELPFUL?

’

T L Lee M. Wolfle o B Y

H /

The cﬁarge I received from Bob-Baker was to answer the question, - e
"Is ‘causal mode]iﬂg really helpful?" My answer is a ?efinite Put .

‘ qualified, “yes:" I'wpuld first 1ike to tell you why .l woqld answer in
the positive; then I want to say why tte answer has to be qualified;

' In the past year I have had several pedple ask me, hwhat is path | - -
analysis, anyway?". Several times I have answered, "It's just muftiplé

*

regression with pictures." That line usually produce§ at least a
chuckle because they think I am k1dd1ng. But I'm not. ; 3 ‘ A . L ey
In h1erarchicaT mode]s (a1l that means i$ that the causal influences
all flow in one direction without any feedback), the E§t1mat1on of-effects
is accomplished by multiple regressio;. Of course, things can get more
complicated if there are feedback loops; theg identification of the model
betdmes a probiem, ana multiple regression no longer produces the proper ' .
éstimates, Also, if the moaéi-contains unmeasured or latent variables,
.'then some other procedure is required for estimation, such.as factor .
’analysis; canonicaﬁ éorrelation, or the ané]ysis of covariance struétures
(e G, LISREL) But let us temborarily focus our attention‘just on
h1erarch1ca1 causal models, estimable with mu?tiple regression.’
I'f h1erargh1ca1 causal,mode]s are merely pictorial representations

of multiple'regfessiqn equations, why are they so helpful? The answer

obviously does not lie in the method of.estimation. I believe there are




first is that the formu1ation of problems in a path analyiic framework

at least two reasons why hyerarchi-al causal models are helpful. The

¢
forces a degree of exﬁ?iciﬁness at is o6ften not present in. research

. reports that rely solely pn regrgssion. .The- draw1ng of the p1cture,

- I . )
the arrangement of the vqriab]es the connections with causal arrows,'a]]

force the researdher to confron his or her modeT of reality. Once that
arrow has been drawn the resea cher knows, and the researcher knows the
reader w111 know,’ that khe modé] specifies one variable’ tohpe 3 cause’
of another | J/ o -c‘-
How is ohe to dec1de whﬁch variable is the cause,” and wh1ch the °°
effect? C]ear]y, the data wf]] not tell us; such dec1s1onsﬁnust be made
pr1or to data ana]ys1s. There are someasimple rules. For X tp cause Y,
be must précede Y in iime #or X t8 cause Y, they must be functiona]]x ’

related, which is oﬂ]y to\ﬁay that knowing X allows one to predict Y

w1th greater accuracy than 1f X was not known. Also, for X to cause Y,

r
ther//éust not be a th1rd ar1ab1e Z ihat causes both X and Y in, such a

m1nutes f

way that the assoc1at1on;Letween X and. Y. d1sappears once Z 1s controlled,

wh;ch 1s only to say that the relat1onsh1p between X and Y is not spurlous.

Beyond these s1wb1e rulés, one‘detenmfnes causal re1at1onsh1ps by know1ng

one's subject mptter, ut thaf’?s a topic I want to postpone for a few

Al

!

=¥’SO’ one draws the arrow on the. basls of what one knows a pr1or or

theoretically if you will, about the sabject be1ng 1nVest1gated Unce the

arrows haveageen dr wn, the researcher kriows wh15h var1ab1es are conce1ved ,

to be the cﬁyses, nd which va?1ab1es the effects‘ And'the reader knows,

The two (t%e author and the reader) haVe c]ear]y commun1cated and there

- T,




| N u‘i. |
should . be po'misunderstanding The researcher may, of course, be Wrong;
_ but at deast he or she won't be m1sunderstood It is this degree of
,expTicitness in. éausa] modeiidg that ted me to conclude an article _
‘pubilshed ]ast year 1n AERJ (Ho]fle, 1980a) that exp11c1t communication
- was the most 1mportant strategy of .path analysis.
1 would 11ke to share with you a coupléfS

of examp]es Last year I

published an article in Soc1o1ogy of Education (w01f1e, 1980b) wh1ch

addressed the enduring effect of educat1§na1 attainment on ‘adult knowledge.

Previous research indicated a strohg Eausai‘re}ationship; that as, the

* acquisition of more schooling causes pedp]e to possess more knowledge as
adults. . I thought the relationship was erobably spuriously due to intel.
ligence. I deve]oped a causal model which incorporated {amongs other
variables) chi]dhood.inteT]igence,’educgtibnal.attainment, adult intelli-
gence, and § measure Of adult knowledge of vocabulary words. 1 specified
the model” in such a way that education was ‘a eause of adult intelligence,
and both were causes of the vocabulary score. I have since then heard
from Nard Kees1ing (1980) that in his opinion adult intelligence would be
‘better considered a prior cause of eBucat1on. -This is no small matter,
because in my specification of the model thé effect from ediication to
aduﬁt 1ntef{ygence and hence to vocabu]ary is 1nterpreted as part of the
total effect of education on vocabulary In Keesling's preference, only
the direct effect would be included in the 1nterpretat10n of the effect
of education.on vocabulary; the rest would be interpreted as a spurious
effect due to antecedent variables, including adult intelligence. The

point, ho«ever, is hot who is right and who is wrong (although I have an

opinion on the matter). The point is that neither of us can be.misinter-

¥
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“diréction or the other, but it does point.

Y
. passage.

) author did.

"

preted in how Qé stand on the issue. The arrow'points in either ore

It is exp?icit\ “In contrast,

1f 1 had merely regressed a vocabu]ary 'score on educational atta1nment

v

adu]t'inte]]igence, and some other variab]es, no dne would know,

‘me , -how substantfve1y‘to interpret the re]ative effects of education and

1qte111gence, beyond a rather SImp11f1ed méasure of educat1on S net

(d1rect) effect on know]edge

A would like to offer another, examp]e A year or so ago I read an

4

art1c1e in the Journal. of Read;ng Behavior (Yap, 19?9), wh1ch addressed

the question -of; whether a child's comprehension of a written passage , “

resulted from an understanding of -the woFds used in the passage, or whether

the chi]ﬂ‘s understanding“of words resulted from a comprehensign of the

v
£

In other words, does‘bocabu1ary cause comprehension, or does
comprehension cause vocabulary’ -1t seems clear to me that such a question
must be framed in terms of the same passage, but th1s is not what the
He‘chose to 1yze the data with cross-lagged corre]at1ons'
whﬂch 1mp11ed a -caysal structure in which vocaﬁhlary at time 1 caused
comprehens1on-at t1me ?,.and comprehension at time 1 caused;vocabu]ary at

ﬁ‘diéagreed with that spec{fication (Wo1fle and McGee, 1979).

L

time 2.
It seems to hé that the causa] re]atIonsh1ps between vocabutary and

comprehension shod]d be specified at the same point in time. But once

aga1n, the po1nt is not who 1s r1ght and who is wrong. The point‘}s that

\

spec1fy1ng.bhe analys1s in causal terms Ted ‘to an unambiguous statement

of one's beT1ef

‘-

and sett1ng up analyses in the framework of causal models he]ps one to be

Personal]y, 1 would rather be wronq than m1s1nterpreted

' exp]fqit both in- their th1nk{ng and in their communication to others.

e . d
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N Theee is a.second reason why 1 beiieve h1erarch1ca1 causal mode]s
are he]pfu] They provide a powerful aid to the substantive 1nterpretat10n
of results, Causa] models not only-allow the assessment of direct causal
links, hieraéchical-models also allow the re§eareher to obta{n eetimates
of the exte?t to whiqhointervening variables account for re1ationehiP§
between predetermthed and subsequent varialees'. "These-are_ i.nterprei:,ed as
indirect causal ef%ects. In_addition, the researchet may obtain‘estimates

of the extent. to which antecedent variables account for refationspips

between subsequent variables. These may be interpreted as spurious effects..'
§ - . : .

How a causal model is constructed determines the kind of interpre-

tatiohs one can draw from it, (This is tae natuee of the.disagreement
over whether adult 1nte]11gence shou]d*pre;ede educat1ona1 attainment or
come after it.) It was one -of the lessons in "Str;teg1es of Path Analysis"’
(Wolfle, {980a) that the kind of model one builds depends oh the kind of.
research quest1oqs being askeq, If a researcher's ana]y;1c goal 15 to
assess tﬁe extent of inteeyeeing causal effects, a h1erarcp1ca1 causal
model permits its realization. . . .

X T e '
[ would 1ike to offer a simple but elegant example, mot because it

-

| / . o -
is simple but because it represents one of the very first.applications of

causa] models to a substantive prgblem in educational research (broadly
) - . 2 '

considered). Duncan'and Hodée (1963) had three ana]}tic;questidns in

L) -
e
. .

“mind: (1} What is the zero-order assoc1at1on between the SOCIQECOHOmlc ;;{ Iy

status of sons and their fathers? .(2) How’ is this assoc1attﬂh med1atedz‘h
by the intervening factor of educational attatnment? and (3) What vs the
net‘assoctation of education and the,socioeconom{c status “of Sens, apart
frme tte Eeﬁendence on father's status? To answee/;heee_quégtioe;; tﬁey'

- +
-t . .. ‘,Qr\, t
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deve]oped and eva]uated the f1rst causal model of status attainment. They
found a correlation of about .30 between the socioeconomic statuses of

\

fathers and SOns. when they. decomposed th1s assoc1at1on into d1rect and

i

indirect causal components, they found 1n every age cqhort that the v
]

1nd1rect effect of father's status man1fested through education was more
1mportant ‘than the d1rect causa] tink of father 3 status’and son s status.
Th1rd they found that educat1on was a @ore 1mportant determ1nant of

. occupational ach1evement than was father's status. This§ was the analysis s
that led us to understand- that the reason statuses of fathers ano sons are
correlated is not betause sons inherit thejr father‘s:status, but because -

) father's status he?ps}to determine the amount of-education the son acquires,
whfch an turn he]pstto.determine the son's statuBl -It is a classic¢ example

* of going from a set of substantive questions fo a causal mooe1 designed’to

. . address the questions, and hence té the interpretation of results.
There-js yet another aovantage to causa1 modeling that 1 woulo 1ika

Qto'menpion only fn passing, because Peter Bentler 1981) and Susan Whitely

‘ (1981).have aiready reminded us of the analytic power of latent-variable
models. There are many conceptsJand constructs that form powerful concep-
‘tual mechanisms for understandﬁng,social re]ationships, and yet these
concepts and constructs.gre not dfrect]y measureable All-one can do is
mea/ure the effects of these unobservable variables on man1fest 1nd1cators.
Here I am speaking of such unobserved concepts as intelligence, for wh1ch
one has man1fest scores of, say, a reading test, a vocabulary test, and a

. v, . PR, ,
mathematics test; or socioceconomic status, measured by occupational .
b}

iprestige, earnings, and years of-education; or anomie; or Protestant ethic;

or sex stereotype. This list could be considerab1y expanded.
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+ Causal  models with unmeasured variables have 2 long history,.'and go
back at least as far as Sewell Wright's (1925) anajysis of the fluctuations

in. corn anékhog‘prices. His model included an urmeasured hog breeding

- -

yariable. Para11e1jng.thé deVelopment of path analysis, there is a long
. higtqry of factqr analysisy which has, as you know, been cbnceqned with
finding unmeasureﬂ“ﬁaetors which cén exp1a1h why manifest variables are
intéreorrelateq. But until recent]f, the factérs themselves were not ~

conceived of as being causally .related, only 1ntercorreﬁated.

Il

Among others, it was JOreskog-(see JOreskog and Sdrbom, 1979) who e

’ wedded_fhé techniques of caysal modeling to factOr.analysis, and has thu;
provided ys with a powerful new analytic tool. The procéduﬁe, commonly
known as LISREL 2J6reskog and%ﬁ@rbom, 1978), pravides the advantages of
causal modeling, which Ié%ave ment ioned ébo;e in the context of hierarchi-
cal moae1s, as applied to latent variables, yhich are often the variables

of rez;/}héoretica] interest. LISREL %thus makes possible the rigorous

testing of theories that have until now been very difficult to test

o a@gﬁhate1y (Ker]inger,-197?).

A

e

/ I would like to add dneaexamp}e to those already “nentioned by
" Bentler (1981) and Whitely (1981). This-exampT6 is taken®From some of
the recent work of Zajonc (1980). He was basically interested in whether

r 4
affective reaction had to occur after cognitive recognition, or whether

affective judgments oCcyr independently of cognitive encoding. Part of
his analysis was based on a causal model with latent variables, for
neither affect nor cognition were measured perfectly or by single manifest

variables. He was able to show that these latent variables 'were related

to éach dther in a way that suggested affective reaction had a strongen/,’

s
~ : 4




effect on cognitive recbgnition than vice versa. It 1s a good p1ece of
work (an affective Judgment), and was awarded the Distingu1shed Scientific

' Contr1but1on Award by the American Bsycholog1calhAssog1at1on. 1 think it
represent; a"good examp]e‘of how new research tools, such as caus;l
mode]in§ with<latent vériab]és,lcan open up new avenues of inguiry, or in
this case enlighten an area Qf'specuTationﬁthat waited 100 years for a

metho@o]od} to emerge ;hat could answer the questigns of interest.

) Thus, in answer to-the question, is causal modeling hé]pfw], I'd

say, "yes." Nhi]e the mefhods emp]gyed in hierafchica] models of manifest

variables are not new, the app11cat1on of them in a causa] framework both
penm1ts dnd danandsa degree of explicitness which is good for sc1ent1f1c
communication. In addition, causal models aid in the 1nterpretat10n of
results by permitting the decdmposjtion o? associataons into direct,
indirect, and spurious causal effects. The,substantivé inte;pretatfons

of these components provide some powerfu] 1n519hts into SOC1a1 processes.

Moreover, new techiiques which combine both factor analytic and causal

modeling techniques into a single package have provided some real break-

throughs in areas qf substantive interest.

But I said in'the Beginning tha} my answer would be a qualified one,
and now I would 1like fo,stipu]éée what that gqualification is.

I' think that tHe‘sEientjfic fields that move forward the fastest are
not those that generate the grqat&st number of hypotheses, but rﬁfher'
those that discard the greatest number. Platt F19645 calied such methods
"strong inference." One devises alternative hypotheses, deéiges upon the
5pe£1fic experiment which'will exclude one or the other of the hypotheses.,.
and then cérr%es out the experiment to 1ts‘1o§ica1 conclusion., One théq
‘refonmu]ates competing hyqotheses among tpe pzssibi]i;iés that‘rémain,

. .

ERIC, SR




ehd thus moves forward by exc1ud1ng those avenues of thought that are
unsupported by,eV1dence {ﬁ T : . : ‘ I
0{ course, in the sociai sciehces‘in general and educatiodein ‘ .
4 panticular, we are.not a]1pwed'to apply cruciel experiments.‘ We must,
deal w1th intact groups we must live w1th self—se]ect1on So. he it; : -
I would not want to 1ive in any other k1nd ofjsoC1ety. But as ana]ysts
+ 'of such data, we must deal with such matters as self-selection. "To do

P N . . I3

-, that requires a fine appreciation of one's subject matter.

' [

" In the n1neteenth century, Louis. Pasteur was able to solve severa]
biological and medical puzz]es by app]ying the logic of strong 1nference ‘ *
He didn't know more about fermentation, or anthrax, or rabies, than others
of his contemporaries But he applied a method wh1ch allowed him to
exclude a]ternat1ve explanations. Today, in the soc1§1usc1ences, there
are a few people who know the techniques of causal modeling very wei]
But that‘does not necessarlly mean they can make advances in anx;part1cu]ar
f1e1d of study just by app1y1ng causa] mode11ng techn1ques to the f1e1d
;In the absence of.the exper1menta] method, it 1s V1ta11y Important to
iqg]ude ih one's ana1§sis the variah]es that control for alternative
exp]anatiohs If one is to decide if a—treatment works, or an effect
exist, one must first know why some peop]e selected themiégves for -
treatment and others did not. Without such khowledge, and the means to 4
‘ h-contro1 for it, it is impossible to exclude alternative hypotheses Thus,
the most 1mp0rtant prerequ151te for good causal models is a thorough . .
know]edge of one's subJect matter .apd a stylish apprec1at1on of alterna-
tive exp]anat1ons. h]thout these, he1ther you nor I, us1ng an;“ane1yt1c

procedure,, can make advances in our respective fields.

,.}
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kﬂ * ‘5111 dooiiy (19?8)-made this Ppoint more eloquently thah I, wheh.
+he noted that Paul Lazarsfe1o coulo"o better causal analyses with .
continguency_tables than Fooley could wfth all his number cronchihg;
- . becaifse Lazarsfeld'knowbwhich'variables to.control for. ' L P

It is easy enough-to'say that alternative exp]anations must be .

X taken intp account. It is qu1te another th1ng actually to.do it, The * .

-

;parametens of human behav10r are numerous and comp]ex much more numerous
: {
. and.complex that the analytic tools we have available to us. Duncan (1975)
made the dlst1nctlon between-the easy part of structural equation models, _
. * ~ .

. by which he meant the esiFntiaI tools of matrix a1gebra and mathematvcal-

' - . |

statistics, and the hard papt of causal mode]s by which he meant the ¢

1.

formuﬂatlon of creatlve ,ideas that are necessary to construct causal
mobe1s So, at the risk of. soun£1ng presumtuous, do not undertake to ol

apply causal models’ to areas of inquiry in the hope that the techn1que

. - aTone will automatically y1e1d good research. To do so confuses the tooﬁ \ . [

’ -

thh the ailm. - Causal modeling is an anaTytic todl, ogt the aim s a . ;'i
T thrivipq‘1ine of-reseafch with theories that have scope and coherence, '
and that yield preoictiOns of .unexpected new facts. While I think I - K
:'know at least something about the tool, my record of substantive break-

throuohs is a thin one. But then so /s the record of most of the social .
sciences. ‘ C t . T Do

- 1 * r.
Thus, the techniques of causal modellng are 1ndeed he]pﬁu] But

4

‘they arEHEreTytools to be ﬁsed by those who farst knowgtheir subject
mafter., Without gnowledge of one's subject matter,dc usdl modelihg

becomes merely a faddish analytic technique G5ed -to disguise one's | v
3 )
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ignorance. The advantage of causal models is that they force a degree .

'

of exp]iditneésjuhtch reveals godd analyses as quickly as the implausible
ones. Toward thit end, I would.indeed say, "Yes, causal modeling %s.

really* helpful."

- f ~
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